Ongoing global warming has triggered extreme climate events of increasing magnitude and frequency. Under this effect, a series of extreme climate events such as drought and increased rainfall during the El Nino Southern Oscillation (ENSO) are expected to be amplified in the coming years. Adequate mapping of regions with climate-sensitive vegetation and its associated time lag is required for appropriate mitigation planning to avoid potential negative ecological impacts towards vegetation. In this study, ENSO and climate indicator time series data, for example, Multivariate ENSO Index (MEI) and Climate Hazards Group InfraRed Precipitation with Stations (CHIRPS) data for rainfall were linked with long-term time series vegetation proxies from remote sensing (RS proxies). ENSOand rainfall-sensitive areas were identified from each RS proxy using the bivariate Granger test, and the areas identified by multiple RS proxies were taken to identify climate-sensitive regions in Indonesia. Of the biome types in Indonesia, savanna was the most sensitive, with approximately 53% of the total savanna area in Indonesia shown to be sensitive to ENSO and rainfall by two or more RS proxies. Rolling correlation analysis also found that the ENSO effect on the vegetation region after rainfall was positively correlated with the RS proxies with a time lag of +5 months. Therefore, rainfall can be taken as a proxy of the effects of ENSO on the temporal dynamics of sensitive vegetation regions in Indonesia.
Introduction
Greenhouse gas emissions have caused a substantial increase in the global average temperature. A recent calculation from Intergovernmental Panel on Climate Change (IPCC) revealed that the global temperature increased 0.85 • C (0.65-1.06 • C) from 1880 to 2012 and projected an increase of 0.3-0.7 • C for the period 2016-2035 [1] . The current warming has triggered an increased frequency of extreme climate events such as warm nights and days, heat waves, heavy rainfalls, and droughts [1, 2] . In addition, the greenhouse gas-induced warming could potentially change the magnitude, frequency or characteristics of the El Nino Southern Oscillation (ENSO) [3, 4] , causing an amplified alteration of rainfall intensity, temperature, and air pressure. In a major ENSO event, such as in the 1997/1998 ENSO, it decreased the rainfall intensity and delayed the wet season [5] . Such impacts may cause socioeconomic effects, such as the decline of health quality [6] and ecological impacts, such as forest fires [7] and tree mortality [8, 9] during the warmer phase of ENSO (El Nino). Adequate identification, assessment, and monitoring efforts are required to formulate proper mitigation actions in order to avoid the adverse effects of an intensified ENSO and to prevent any further negative ecological and social economics impacts.
Indonesia is susceptible to the climate anomalies of ENSO due to its geographical location at the east side of the Pacific Ocean. Vegetation dynamics and associated biophysical properties are dependent on climate conditions. Therefore, changes in vegetation properties, such as phenology and declines in cover would be highly affected by ENSO anomalies [10] . Many previous studies have identified the impact of ENSO in Indonesia on crop production [11] [12] [13] . Previous studies of the ENSO impact on vegetation in Indonesia were benefited from the available long-term dataset of the Normalized Difference Vegetation Index (NDVI) collected from Advanced Very High-Resolution Radiometer (AVHRR) observations as the primary dataset [14, 15] . However, a problem remains with utilization of this specific index. With the development of remote sensing technologies, other vegetation indices and proxies have become available for use in vegetation monitoring. To fully understand the problem and to enable optimal application for climate and vegetation impact analysis, further exploration and comparisons involving multiple data are required.
Impact assessments using remote sensing are mainly carried out using NDVI as the proxy for photosynthetic activities and greenness levels [16] . The simplicity of the NDVI calculation by red and near-infrared bands allows extending the data archive from the earliest era of remote sensing observations in the early 1980s, making it useful for long-term time series analysis. Early remote sensing sensors such as the AVHRR satellite, which was equipped with near-infrared and red bands, can provide long-term NDVI observations. Global Inventory Modeling and Mapping Studies (GIMMS), an AVHRR-based NDVI product [17] has been widely employed for mapping vegetation dynamics in various regions [18] [19] [20] . The major problems with the NDVI datasets are that measurement is profoundly affected by various factors such as sun-sensor geometry and saturation over high biomass areas [21, 22] , impairing the reliability of NDVI observations, especially in high biomass regions where the value is saturated. With the development of remote sensing sensors and technologies, other vegetation proxies have become available and can be utilized to monitor vegetation dynamics.
The Enhanced Vegetation Index (EVI) is one of the alternative indices that offers a wider dynamic range with higher reliability for areas with high density vegetation [23] . EVI calculation originally required a blue band in addition to red and near-infrared bands, hence, hindering the ability to be generated from the available long-term archives. However, the development of EVI2-a, which calculated from red and near-infrared bands, enabled the provision of long-term time series EVI data [24] . Although both EVI and NDVI represent vegetation proxies, EVI is more sensitive to canopy structural variation due to its wide dynamic range of output values compared to NDVI, while NDVI indicates chlorophyll abundance based on the inclusion of the red band in the calculation [25] . Therefore, the combination of these two observations linked with climate data can be used to comprehensively assess climate-related structural changes and photosynthetic activity of vegetation over time.
Development of a passive microwave remote sensing system also enabled the estimation of aboveground vegetation water content in the Vegetation Optical Depth (VOD) indicator developed by Owe et al. [26] . The long wavelength microwave system used for VOD provides water content-sensitive information in leaf and tree structures with less interference due to clouds due to its penetration ability and also enhances the dynamic range of values over dense canopies [27] . The development of long-term data is possible due to the strong correlation between VOD information collected by different passive microwave systems as demonstrated by Liu et al. [28] , which harmonized and extended the observation into July 1987. However, the drawback of low microwave emission observations is the coarse spatial resolution (25 km) of the data. Nevertheless, the distinctness of VOD observations for collecting biomass water content data can provide a different perspective mainly in vegetation dynamics monitoring when it is used to identify vegetation regions that are sensitive to ENSO and rainfall.
This study aims to identify ecosystems that are sensitive to ENSO and rainfall by employing Granger causality to various time series RS-based vegetation proxies (RS proxies), such as NDVI, EVI, and VOD over the period from 1993 to 2012. Further analysis is conducted to reveal the responses of vegetation during ENSO by examining the progression of cross-correlation coefficients between the Multivariate ENSO Index (MEI), rainfall, and RS proxies.
Study Area
Indonesia is an archipelagic country located in the South-East Asian region that is comprised of the five main islands of Sumatera, Java, Kalimantan, Sulawesi, and Papua. It shares borders with Malaysia (on Kalimantan Island), Papua New Guinea (on Papua Island), and Timor Leste (along East Nusa Tenggara Province). The country is situated between the Indian Ocean and Pacific Ocean, making it susceptible to the interannual oscillations of ENSO that affect rainfall variability and crop production [12, 29] .
The vegetation cover in Indonesia is mainly dominated by forestland which represent 2% of the global forest area [30] . There are three main classes of the forest types in Indonesia i.e., Evergreen Needleleaf Forest (ENF), Evergreen Broadleaved Forest (EBF) and Remnant Forest (IFL) (Figure 1 ) that dominated the land cover in the island of Sumatera, Kalimantan, Sulawesi, and Papua. More complex land use and land cover can be found at Java Island as the most populated area so that most of the settlement area is centralized at this island (excluded from Figure 1 ). In addition to settlement area, croplands (CRO), and arid-typical biome such as savanna (SAV) can also be found in the eastern part of Java Island. Another savanna cover is located at the arid environment of Indonesia such as in East Nusa Tenggara. and VOD over the period from 1993 to 2012. Further analysis is conducted to reveal the responses of vegetation during ENSO by examining the progression of cross-correlation coefficients between the Multivariate ENSO Index (MEI), rainfall, and RS proxies.
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Remote Sensing Based on Vegetation Proxies (RS Proxies)
This study utilized five time series vegetation proxies with the last two as ancillary data (1) AVHRR GIMMS NDVI; (2) VIP30 EVI2; (3) VOD; (4) SPOT VGT NDVI; and (5) MODIS EVI. We selected a subset the time range of the AVHRR GIMMS NDVI and VIP EVI2 datasets (1993) (1994) (1995) (1996) (1997) (1998) (1999) (2000) (2001) (2002) (2003) (2004) (2005) (2006) (2007) (2008) (2009) (2010) (2011) (2012) to match the VOD time range, while the SPOT VGT and MODIS EVI datasets cover the periods of 1999-2012 and 2000-2012, respectively. All of our spatial data were cropped to the boundary of Indonesia with rectangular extents of 94-155° and −12-12° N. 
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AVHRR GIMMS NDVI3g
The original 8 km bimonthly (15 days) AVHRR GIMMS NDVI3g ver. 1 dataset was retrieved from ECOCAST [31] . This data spans from July 1981 to December 2015 and records 34 years of monthly data. This dataset was developed by Pinzon and Tucker [17] by performing Bayes intercalibration of NDVI observations from AVHRR/2 and AVHRR/3 instruments mounted on the NOAA-7 to NOAA-19 satellites. Further processing was performed to correct orbital coregistration and Rayleigh scattering with additional corrections for AVHRR-2 including a volcanic aerosol correction to account for the El Chichon and Mt. Pinatubo eruptions and adaptive empirical mode decomposition to minimize the varying solar zenith angle due to orbital drift [17] .
In our study, we aggregated the temporal intervals of bimonthly data into monthly data by employing maximum-value composite and applying the adaptive Savitzky-Golay filter implemented in TimeSat [32] to reduce remaining atmospheric disturbances.
VIP30 EVI2
VIP30 EVI2 is a two-band EVI developed from a linearized vegetation index by looking at the geometrical nature of red-near infrared reflectance (development details are available in Didan et al. [33] ) resulting in Equation (1):
where NIR denotes near-infrared band reflectance, and Red indicates red band reflectance. The possibility of constructing long-term EVI2 from inter-sensors in EVI with calibration from AVHRR EVI2 and MODIS EVI was considered based on the high collinearity (R 2 = 0.99) between those datasets [34] . The combination of AVHRR and MODIS extends the EVI2 datasets from 1981 to 2014 for the current version. We took a subset of the time range of the available data to match other proxies. The VIP30 EVI2 data is available in monthly intervals with spatial resolution of 0.05 • (5600 m) from USGS LPDAAC.
Vegetation Optical Depth (VOD)
VOD (τ) represents the vegetation water content of aboveground biomass including trunks and leaves as measured from the negative exponential relationship of transmissivity of vegetation ( ) and its incidence angle (u) as expressed in Equation (2) in Liu et al. [28] as follows:
Vrije Universiteit Amsterdam and NASA developed the radiative transfer model named the Land Parameter Retrieval Model (LPRM) to retrieve VOD, soil moisture, and land surface temperature from different microwave sensors [26, 35, 36] . The strong correlation between the microwave sensors enabled development of the long-term VOD dataset by cumulative distribution frequency (CDF) despite differences in their means and ranges due to differences in sensor characteristics [28] . The final merging product is available at a spatial resolution of 0.25 • (25 km) at monthly intervals. We acquired monthly VOD data for the period of 1993-2012 [37] .
SPOT VGT S10 NDVI
Calibration of VEGETATION (VGT)-1 and VGT-2 sensors mounted on the SPOT-4 and SPOT-5 satellites, respectively, provided long-term global observation data of terrestrial vegetation from 1998 to 2014. One of the many products of this mission is the 10-day composites (S10) of NDVI available in 1-, 4-, and 8-km spatial resolutions processed and provided by the Flemish Institute for Technological Research (VITO) in their repository [38] . The S10 NDVI data have been geometrically, radiometrically, and atmospherically corrected with additional Earth-Sun distance corrections and high frequency calibration correction before performing absolute calibrations between VGT-1 and VGT-2 [39] .
Since the dataset we acquired is a composite of 10-day observations, we further performed the same pre-processing methods of the MVC and Savitzky-Golay filter as were applied to the NDVI3g dataset to obtain monthly NDVI data. We took a subset of the monthly filtered data to have the same ending as the primary datasets in order to cover the 14-year period of 1999-2012.
MODIS MOD13A3 EVI
MODIS MOD13A3 ver. 6 includes the EVI and NDVI datasets in 1-km spatial resolution derived from 16-day observations with temporal weighted average compositing to produce a monthly product that is available from LPDAAC-USGS [33] . Before calculating VI in MODIS MOD13A3, several pre-processing steps were conducted to reduce the effects of atmospheric disturbances and sun-Earth geometry angles [40] . After performing those corrections, the Constraint View-Maximum Value Composite (CV-MVC) approach was used to select the observation closest to nadir angle [40] . Initially, the EVI MOD13A3 was calculated by using three bands and Equation (3): blue band (Blue), red band (Red) and near-infrared band (NIR). However, use of the blue band in the calculation resulted in overly high EVI over bright targets [33] . Therefore, the three-band EVI was replaced with the two-band EVI calculation for bright targets, such as clouds or snow.
We further applied the adaptive Savitzky-Golay filter implemented in TimeSat to remove the atmospheric effects and to take a subset of the full temporal coverage to match the ending year of other datasets so that the period covered would be 2001-2012 (11 years).
Climate Data
Multivariate ENSO Index (MEI)
Various climate indices have been developed to mark and simplify the occurrences of climate anomaly events such as North Atlantic Oscillation (NAO) and ENSO events [41] . However, many of the indices, such as the Southern Oscillation Index (SOI) and Oceanic Nino Index (ONI) were generated from a single climate variable, the pressure difference in Tahiti and Darwin (SOI) or the sea surface temperature in the Pacific Ocean (ONI), respectively. Wolter and Timlin [37] developed the Multivariate ENSO Index (MEI) calculated from the combination of principal component analysis (PCA) of various parameters, such as sea level pressure, zonal, and meridional wind component, sea surface, and air temperatures, and total cloudiness. This step produced a bimonthly index where values above 0 indicate the warm-phase of ENSO (El Nino) while values below 0 indicate the cold-phase of ENSO (La Nina) from 1950 to present. Since the value of MEI is calculated bimonthly, we followed the instructions on the homepage [42] dataset to obtain monthly NDVI data. We took a subset of the monthly filtered data to have the same ending as the primary datasets in order to cover the 14-year period of 1999-2012.
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The Climate Hazards Group InfraRed Precipitation with Stations (CHIRPS) data is global monthly rainfall data from 1981 presenting a spatial resolution of 0.05 • , provided by the Climate Hazards Group [43] . This dataset is the integration of comprehensive rain gauge data from the CHPclim of previous CHIRP developed from the satellite measurements of TMPA 3B42 and TIR CCD [44] . Validation studies using this data revealed a high correlation between CHIRPS and rain gauge data although overestimation of the rainfall intensity was found mainly in the dry season [45, 46] . The acquired data were cropped both spatially and temporally to match the spatial and temporal extents of the other datasets.
Vegetation Cover Types
The type 2 University of Maryland's (UMD) vegetation cover scheme in MODIS MCD12Q1 [47] categories mainly divide the vegetation cover types into forestland, shrubland, savannas, and non-vegetated state. The forestland type was classified based on the combination between the leaf seasonality, i.e., evergreen and deciduous forest and leaf type, i.e., needle-leaf and broadleaf forest while mixed forest is a forest area with mixture of different type of forests while intact forest landscape (IFL) data [48] represents the intact and undisturbed forest areas. The combination of varying forest types made up of almost 88% of vegetation cover in Indonesia which 69.9% of them is the evergreen broadleaf forest (Table 1) with Dipterocarpaceae dominance. The remaining 12% of the vegetation covers were represented by the tree-less biomes and croplands. The treeless biomes were categorized based on their type of understory cover, such as shrublands, savannas, and grasslands, where half of the proportion of treeless biomes in Indonesia are occupied by savannas. The savanna lands in East Nusa Tenggara are usually covered by the patches of woody vegetation, herbs, and grass and used for agricultural and cattle purposes [49] .
To obtain information on the corresponding vegetation cover types, we combined the MODIS MCD12Q1 [47] with 500-m spatial resolution in the year 2001 and 2013 with the 2013 remnant forest from IFL data. The type 2 UMD scheme includes 14 land cover classes, and the IFL data includes two classes of forested and deforestation. With the aim of simplifying land cover categories and extracting vegetation-related classes, the 'water', 'urban and built up', and 'barren or sparsely vegetated' classes in the MCD12Q1 Type 2 UMD scheme and the 'deforestation' classes were removed. Further class merging was conducted to simplify the LC classes and aggregate the similar LC; the lower level classes such as 'deciduous broadleaved forest' and 'deciduous needleleaf forest' were merged into 'deciduous forest'. Another merging was also conducted of the 'savanna' and 'woody savanna' classes into the 'savanna' class, and the 'closed shrublands' and 'open shrublands' classes into the 'shrublands' class. In total, nine classes were retained for zonal statistics analysis (Table 1 ; Map in Figure 1 ). Before combining the MCD12Q1 data with IFL data, we mapped non-changed land cover using the MCD12Q1 of years 2001 and 2013. This was performed to ensure the validity of statistical values, especially when performing zonal statistics.
Methods
Bivariate Granger Causality
The regions that were identified as being sensitive in this study were defined as areas with dynamic time series values shown to be significantly influenced by climatic variables. The regions sensitive to ENSO and rainfall were identified using the Granger test compiled in the Lmtest R package [50] , with the assumption that the fluctuation in the time series remote sensing values could be predicted by past time series values of ENSO indices and rainfall intensity with a certain lag. In this case, we used the MEI (ENSO) and CHIRPS (rainfall) as the representation of the dependent variables (x) while pixel values of RS proxies were considered as the independent variables (y). The Granger causality analysis was named after its inventor, Granger [51] , and follows two assumptions: (1) the effect of the cause happens sometime later (indicated by time lag) and (2) the cause (X) contains information that can help predict the value of Y [52] .
Based on previous assumptions, the implementation of Granger causality analysis in the Lmtest package was performed by comparing F-test results of two Wald tests from (1) an unrestricted model where the Y-variable was explained by including X-variables besides the values of Y alone at a certain lag, and (2) the restricted model where the Y-variable was explained using the previous value of Y itself. The sensitive area is indicated by a p-value below 0.05 (95% level of significance). This p-value indicates that there is less than a 5% probability of getting an opposite result when rejecting the null hypothesis that the x-variable does not contribute to the prediction of the y-variables. The lag order used in this analysis was selected from the lowest value of Akaike information criterion (AIC) from 0 to 12 months and conducted in the pixel-based analysis.
The main necessity for conducting Granger causality analysis is that the time series variables should be stationary. However, time series data from remote sensing observation are often depicted as non-stationary characteristics with the components of trend and seasonality [17] . Therefore, before initiating the Granger causality analysis, we transformed the original data into stationary ones by calculating the first difference in time series data.
The bivariate Granger test conducted between climate variables of the MEI (ENSO) and CHIRPS (rainfall) against five RS proxies generated a total of five ENSO sensitivity maps and five rainfall sensitivity maps with values ranging from 0 (not sensitive) to 1 (sensitive). From these sensitivity maps, the frequency maps of ENSO and rainfall were separately derived by combining the sensitivity maps through raster calculation, resulting in a frequency of 0 (not sensitive) to 5 (detected by all data). As the spatial resolutions of RS proxies are different, a down scaling process for MODIS and SPOT-VGT data from 1-km spatial resolution to 8-km spatial resolution was conducted by resampling with interpolation of the nearest neighbors and upscaling VOD data by disaggregating the pixel size from 25-km to 8-km spatial resolution. Lastly, we defined the ENSO-and rainfall-sensitive areas as the intersection of ENSO and rainfall frequency maps detected by at least two data types on each frequency map.
Cross-Correlation Function (CCF) from 0 to 12 Months
Cross-correlation function (CCF) analysis was performed by taking the average of significant correlation analysis (p-value < 0.05) with a lag of 0-12 months in the ENSO-and rainfall-sensitive areas. The CCF analysis aimed to assess the response of sensitive regions and to understand the process of MEI and rainfall in affecting the value of RS proxies over different vegetation cover types. The cross-correlation was executed in RStudio employing the base function for cross-correlation analysis. We used difference data because CCF also required the data to be in the stationary form.
The overall processing flow of this research is summarized in Figure 3 . 
Results
Identified ENSO-and Rainfall-Sensitive Regions in Indonesia
The Granger test analysis was performed between the vegetation proxies from remote sensing data (RS proxies) and climate variables of the MEI and CHIRPS (rainfall) data. Granger analysis for each data type was conducted separately, and the results were plotted on maps intersected at 8-km spatial resolution for the 1992-2012 EVI2 VIP, NDVI3g, and VOD, while ENSO-Granger analysis for SPOT VGT and MODIS EVI were used as ancillary data. The ENSO-Granger causality analysis performed on NDVI3g, VOD, and EVI2 from 1993 to 2012 yielded different spatial patterns for each dataset. NDVI3g and VOD data detected 44-47% of the total study area as being sensitive to ENSO, while EVI2 identified only 9.3% of the entire study area as being sensitive to ENSO, which is markedly less. However, the EVI2 result is comparable to the 2001-2012 MODIS EVI analysis that yielded a similar percentage (8.1%) and similar spatial pattern. Another analysis using 1999-2012 VGT NDVI data also detected less area (18.9% of the total area) and its spatial distribution was almost identical to the EVI observation. Agreement in the spatial pattern of ENSO-sensitivity based on NDVI3g and VOD data appeared in Sumatera, the southern part of Borneo, Java, West and Nusa Tenggara and the southern part of Papua, while SPOT VGT, VIP EVI2, and MODIS EVI shared similar spatial distributions in the East Java and Nusa Tenggara islands (Figure 4) . On the final map, a combination of those three primary datasets and the ancillary datasets revealed that the areas detected by all datasets were located in the eastern part of Java and East Nusa Tenggara.
The CHIRPS (rainfall)-Granger causality analysis applied to the remote sensing datasets detected more prominent areas corresponding to rainfall intensity compared to for ENSO ( Figure 5 ). Approximately 60-60.4% of the total study area was identified as being rainfall-sensitive using 1993-2012 VOD and NDVI3g as the primary datasets, while analysis with the 1999-2012 VGT and 2001-2012 MODIS EVI identified fewer regions with 45.6-60.2% of the total area being sensitive to CHIRPS (rainfall) intensity. However, VIP EVI2 showed quite distinct sensitive area percentage than the rest of the RS proxies with only 25.6%. Similar portions of rainfall-sensitive areas were identified in the datasets, especially in VOD, NDVI3g, MODIS EVI, and SPOT VGT, which shared identical spatial distributions of rainfall-sensitive areas in Java, Sumatera, Southern Borneo, the southwestern part of Sulawesi, and the southern part of Papua. Further comparison with VIP EVI2 showed that the spatial 
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Figure 4. Distribution of ENSO-sensitive areas identified from primary data (top) show that NDVI3g
and VOD agree for most of the area, while the distribution of sensitive regions from the primary and ancillary data show that EVI2 and MODIS EVI, respectively, share a similar pattern (bottom). The results of multiple analyses of areas sensitive to ENSO and rainfall allowed us to map the areas that were commonly/frequently identified as climate-sensitive in multiple datasets. Combining the maps of sensitive areas from primary and ancillary datasets produced the frequent sensitivity maps with values from 0 (non-sensitive) to 5 (detected in all datasets) for the ENSO and rainfall maps ( Figure 6 ). By linking vegetation type to frequencies on both sensitivity maps, a further association of the highly-sensitive vegetation region could be determined. It was found that savanna (SAV) had the highest agreement among different datasets with 41.27% and 51.93% being identified as MEI (ENSO)-and CHIRPS (rainfall)-sensitive areas, respectively, by more than three datasets (Table 2) . Cropland was identified as having the second highest agreement with 17.34% and 42.64% being in spatial agreement for MEI (ENSO) and CHIRPS (rainfall). Overall, compared to the frequency analysis conducted side-by-side, spatial agreement between the various remote sensing sensors was higher for the rainfall sensitivity map than for the ENSO sensitivity map, indicating a higher percentage of areas with overlapping sensitivity indicated by at least three datasets. The results of multiple analyses of areas sensitive to ENSO and rainfall allowed us to map the areas that were commonly/frequently identified as climate-sensitive in multiple datasets. Combining the maps of sensitive areas from primary and ancillary datasets produced the frequent sensitivity maps with values from 0 (non-sensitive) to 5 (detected in all datasets) for the ENSO and rainfall maps ( Figure 6 ). By linking vegetation type to frequencies on both sensitivity maps, a further association of the highly-sensitive vegetation region could be determined. It was found that savanna (SAV) had the highest agreement among different datasets with 41.27% and 51.93% being identified as MEI (ENSO)-and CHIRPS (rainfall)-sensitive areas, respectively, by more than three datasets (Table 2) . Cropland was identified as having the second highest agreement with 17.34% and 42.64% being in spatial agreement for MEI (ENSO) and CHIRPS (rainfall). Overall, compared to the frequency analysis conducted side-by-side, spatial agreement between the various remote sensing sensors was higher for the rainfall sensitivity map than for the ENSO sensitivity map, indicating a higher percentage of areas with overlapping sensitivity indicated by at least three datasets. The MEI (ENSO) and CHIRPS (rainfall) sensitivity maps from various sensors showed that several areas had frequencies corresponding to both ENSO and changing rainfall. The sensitive areas detected by more than two datasets in MEI (ENSO) and CHIRPS (rainfall)-Granger analysis were located in East Java, the lowlands of Sumatera, southern Kalimantan, Southwestern Sulawesi, and Southern Papua (Figure 7) . The intersection between land cover data and the frequently identified sensitive areas revealed that several land cover classes corresponded strongly to both ENSO and rainfall (Table 3) . The findings also showed that savanna (SAV) vegetation class type was highly affected by ENSO and rainfall. Interestingly, more than two RS proxies mapped a total of 53% of savanna cover as being sensitive. Further, cropland (CRO) and grassland (GRA) showed correspondence of 36.7% and 26.4% of total areas to ENSO and rainfall, respectively.
The MEI (ENSO) and CHIRPS (rainfall) sensitivity maps from various sensors showed that several areas had frequencies corresponding to both ENSO and changing rainfall. The sensitive areas detected by more than two datasets in MEI (ENSO) and CHIRPS (rainfall)-Granger analysis were located in East Java, the lowlands of Sumatera, southern Kalimantan, Southwestern Sulawesi, and Southern Papua (Figure 7) . The intersection between land cover data and the frequently identified sensitive areas revealed that several land cover classes corresponded strongly to both ENSO and rainfall (Table 3 ). The findings also showed that savanna (SAV) vegetation class type was highly affected by ENSO and rainfall. Interestingly, more than two RS proxies mapped a total of 53% of savanna cover as being sensitive. Further, cropland (CRO) and grassland (GRA) showed correspondence of 36.7% and 26.4% of total areas to ENSO and rainfall, respectively. 
Response of ENSO-Rainfall Sensitive Regions in Indonesia
Overall, the average CCF coefficients between the MEI (ENSO) against RS proxies and RS proxies against CHIRPS (rainfall) for 0-12 months at different land cover types yielded low correlation coefficients. The correlation coefficients ranged from −0.19 to 0.18 for RS proxies versus ENSO and −0.3-0.2 for RS proxies versus rainfall. Even though the CCF coefficients were low, tracking the progression of the CCF coefficient values between RS proxies versus CHIRPS-rainfall and RS proxies versus the MEI (ENSO) compared with the CCF coefficients between the MEI (ENSO) and CHIRPS (rainfall) for different land cover types allowed us to depict temporal characteristics of how ENSO affected rainfall and sequentially controlled variation in NDVI values throughout the years. 
Overall, the average CCF coefficients between the MEI (ENSO) against RS proxies and RS proxies against CHIRPS (rainfall) for 0-12 months at different land cover types yielded low correlation coefficients. The correlation coefficients ranged from −0.19 to 0.18 for RS proxies versus ENSO and −0.3-0.2 for RS proxies versus rainfall. Even though the CCF coefficients were low, tracking the progression of the CCF coefficient values between RS proxies versus CHIRPS-rainfall and RS proxies versus the MEI (ENSO) compared with the CCF coefficients between the MEI (ENSO) and CHIRPS (rainfall) for different land cover types allowed us to depict temporal characteristics of how ENSO affected rainfall and sequentially controlled variation in NDVI values throughout the years.
A similar pattern of ENSO-rainfall CCF coefficients for different land cover types (plotted as a blue area in Figures 8 and 9 ), excluding the IFL type, were presented in CCF results. Significantly highly negative correlations (p-value < 0.05) occurred with a lag of 0-2 months. This suggests that as the ENSO magnitude grew larger, rainfall intensity grew smaller over the same period. Further, CCF patterns in most of land cover classes showed a strong positive correlation starting from +3 months and peaking at +5 to +6 months, although a weaker negative relationship was shown at a lag of 11 months. However, remnant forest (IFL) did not share a similar temporal pattern with other classes. The CCF coefficients of ENSO-rainfall in IFL remained low to showing no correlation after displaying identical negative relationships from the first months to a time lag of +6 months, where they started exhibiting a positive correlation.
CCF analysis between CHIRPS (rainfall) and RS proxies displayed a relatively distinct temporal pattern in VOD compared to EVI2 and NDVI3g. Generally, the CCF graphs of VOD against rainfall showed a similar pattern of the MEI to rainfall where it showed negative correlations during the first two months and positive correlation started and then sometimes peaked between +3 and +5 months (Figure 8 ). In contrast to VOD, NDVI3g and EVI showed positive correlations with rainfall during the first months of ENSO with the highest negative correlations at lag +3 to +5 months. This may suggest that (1) rainfall change did not simultaneously affect vegetation water content; or (2) when ENSO negatively affected rainfall at lag of 0-1 months, most vegetation types, such as savanna, cropland, and forest (aboveground and remnant forest), were still able to maintain water in their biomass that was indicated by negative correlations between rainfall and VOD data during lag of 0-1 months. A similar pattern of ENSO-rainfall CCF coefficients for different land cover types (plotted as a blue area in Figures 8 and 9 ), excluding the IFL type, were presented in CCF results. Significantly highly negative correlations (p-value < 0.05) occurred with a lag of 0-2 months. This suggests that as the ENSO magnitude grew larger, rainfall intensity grew smaller over the same period. Further, CCF patterns in most of land cover classes showed a strong positive correlation starting from +3 months and peaking at +5 to +6 months, although a weaker negative relationship was shown at a lag of 11 months. However, remnant forest (IFL) did not share a similar temporal pattern with other classes. The CCF coefficients of ENSO-rainfall in IFL remained low to showing no correlation after displaying identical negative relationships from the first months to a time lag of +6 months, where they started exhibiting a positive correlation.
CCF analysis between CHIRPS (rainfall) and RS proxies displayed a relatively distinct temporal pattern in VOD compared to EVI2 and NDVI3g. Generally, the CCF graphs of VOD against rainfall showed a similar pattern of the MEI to rainfall where it showed negative correlations during the first two months and positive correlation started and then sometimes peaked between +3 and +5 months (Figure 8 ). In contrast to VOD, NDVI3g and EVI showed positive correlations with rainfall during the first months of ENSO with the highest negative correlations at lag +3 to +5 months. This may suggest that (1) rainfall change did not simultaneously affect vegetation water content; or (2) when ENSO negatively affected rainfall at lag of 0-1 months, most vegetation types, such as savanna, cropland, and forest (aboveground and remnant forest), were still able to maintain water in their biomass that was indicated by negative correlations between rainfall and VOD data during lag of 0-1 months. There are few differences worth emphasizing from the CCF graphs among different types of vegetation cover. Among the CCF values of vegetation cover types, the average CCF coefficients between rainfall and RS proxies in the remnant forest were the smallest among other vegetation types. This may indicate that the effects of rainfall are insignificant to the greenness level of the remnant forest. Another difference is that there is an incomplete observation in the CCF-rainfall versus VOD due to its coarse spatial resolution where, in the area of grasslands, only a few coefficient lags appear in the graphs due to its small coverage area. Therefore, the incomplete CCF coefficient problem also appeared in the CCF-MEI ENSO vs. VOD for grassland types due to the same spatial resolution mismatching problem.
Different responses in the CCF graphs between the MEI-ENSO and RS proxies were observed ( Figure 9 ). Significant positive correlations were observed in the first months, and the highest positive correlation appeared around the latter months (+6-12 months). Different from the ENSO-rainfall CCF graph, which showed the first negative correlations at lag 0-2 months, ENSO lagged RS proxy values negatively in different vegetation cover types at +6-11 months. This indicates that there was different time lag when ENSO started affecting rainfall and was further reflected in the photosynthetic activities of vegetation or greenness level. The CCF graphs also show initial negative correlations in VOD at lag +1 month and a peak at lag 6 or 7 months. The first negative correlations in VOD suggest that most of the changes in vegetation water content came first and then were followed by a decline in photosynthetic activity or greenness level later. There are few differences worth emphasizing from the CCF graphs among different types of vegetation cover. Among the CCF values of vegetation cover types, the average CCF coefficients between rainfall and RS proxies in the remnant forest were the smallest among other vegetation types. This may indicate that the effects of rainfall are insignificant to the greenness level of the remnant forest. Another difference is that there is an incomplete observation in the CCF-rainfall versus VOD due to its coarse spatial resolution where, in the area of grasslands, only a few coefficient lags appear in the graphs due to its small coverage area. Therefore, the incomplete CCF coefficient problem also appeared in the CCF-MEI ENSO vs. VOD for grassland types due to the same spatial resolution mismatching problem.
Different responses in the CCF graphs between the MEI-ENSO and RS proxies were observed ( Figure 9 ). Significant positive correlations were observed in the first months, and the highest positive correlation appeared around the latter months (+6-12 months). Different from the ENSO-rainfall CCF graph, which showed the first negative correlations at lag 0-2 months, ENSO lagged RS proxy values negatively in different vegetation cover types at +6-11 months. This indicates that there was different time lag when ENSO started affecting rainfall and was further reflected in the photosynthetic activities of vegetation or greenness level. The CCF graphs also show initial negative correlations in VOD at lag +1 month and a peak at lag 6 or 7 months. The first negative correlations in VOD suggest that most of the changes in vegetation water content came first and then were followed by a decline in photosynthetic activity or greenness level later. 
Discussion
The spatial distribution of sensitive areas obtained from multi-sensor remote sensing approaches showed the southern part of Indonesia, including some parts of Sumatera, Java Island, the southern part of Kalimantan Island, the islands in Nusa Tenggara, and the southern Part of Papua to be ENSO-and rainfall-sensitive areas. This finding corroborates those of previous studies showing these regions to be the two climate regions sensitive to rainfall with seasonality heavily influenced by ENSO, which affects the area until the latter months of the year [53, 54] . The union of ENSO-sensitive areas from multi-sensor remote sensing data also corresponds with the same analysis in Erasmi et al. [15] , although the intersection of sensitive regions yielded different spatial patterns for ENSO-and rainfall-sensitive vegetation cover types. Eastern part of Java is one of the hotspot areas where most of the data agreed by more than three RS data which identified this region as the ENSO and rainfall sensitive region. The identification of East Java as an identified region is in line with a specific local study that identified this area for being massively affected by climate extremes and having experienced decreases in rainfall and prolonged droughts during ENSO [55] .
Identification of sensitive regions by combining multiple remote sensing datasets revealed a high similarity between NDVI3g and VOD measurements, while EVI detected fewer areas compared with previous datasets. The high agreement between NDVI3g and VOD is supported by a study showing that NDVI represents the vegetation and moisture condition [56] which is similar to the findings presented in VOD. On the other hand, according to Pettorelli et al. [25] , EVI is more sensitive to structural change in vegetation canopy due to its wider dynamic range over NDVI-saturated areas. The combination of VOD, NDVI, and EVI led to identification of savanna as the vegetation type most influenced by ENSO and rainfall in Indonesia because drastic structural changes are observed in response to different climate conditions. Savanna in Indonesia is a treeless biome in arid climate and covered with grass ( Figure 10 ). The stability of this biome depends on rainfall and fire cycles [57] [58] [59] [60] . The ENSO warm and cold phases offer a cycle of drought and intensified rainfall that controls the savanna dynamics, making this biome the most appropriate ecosystem to examine for a response to the ENSO effect. The intensified warm ENSOs with prolonged drought and increased temperature can triggered more frequent fire thus further reducing the tree density in savanna and impacting the ecosystem services and the biodiversity. In addition, similar reductions of tree density due to drought and fire can be expected from the shifting of tropical forest into savanna-like ecosystems where it may difficult to restore. The fact that some evergreen broadleaf forests in Sumatera were identified as an ecosystem that is sensitive to ENSO can also be attributed to the possible historical ENSO-related forest fires that are widely suspected to enhance the temporal shift of forest characteristics into a savanna-like environment [61] . The ENSOand rainfall-sensitivity in this study can be used to identify areas that require proper mitigation and for anticipating and possibly avoiding unrecoverable transformation of ecosystems. 
The spatial distribution of sensitive areas obtained from multi-sensor remote sensing approaches showed the southern part of Indonesia, including some parts of Sumatera, Java Island, the southern part of Kalimantan Island, the islands in Nusa Tenggara, and the southern Part of Papua to be ENSOand rainfall-sensitive areas. This finding corroborates those of previous studies showing these regions to be the two climate regions sensitive to rainfall with seasonality heavily influenced by ENSO, which affects the area until the latter months of the year [53, 54] . The union of ENSO-sensitive areas from multi-sensor remote sensing data also corresponds with the same analysis in Erasmi et al. [15] , although the intersection of sensitive regions yielded different spatial patterns for ENSO-and rainfall-sensitive vegetation cover types. Eastern part of Java is one of the hotspot areas where most of the data agreed by more than three RS data which identified this region as the ENSO and rainfall sensitive region. The identification of East Java as an identified region is in line with a specific local study that identified this area for being massively affected by climate extremes and having experienced decreases in rainfall and prolonged droughts during ENSO [55] .
Identification of sensitive regions by combining multiple remote sensing datasets revealed a high similarity between NDVI3g and VOD measurements, while EVI detected fewer areas compared with previous datasets. The high agreement between NDVI3g and VOD is supported by a study showing that NDVI represents the vegetation and moisture condition [56] which is similar to the findings presented in VOD. On the other hand, according to Pettorelli et al. [25] , EVI is more sensitive to structural change in vegetation canopy due to its wider dynamic range over NDVI-saturated areas. The combination of VOD, NDVI, and EVI led to identification of savanna as the vegetation type most influenced by ENSO and rainfall in Indonesia because drastic structural changes are observed in response to different climate conditions. Savanna in Indonesia is a treeless biome in arid climate and covered with grass ( Figure 10 ). The stability of this biome depends on rainfall and fire cycles [57] [58] [59] [60] . The ENSO warm and cold phases offer a cycle of drought and intensified rainfall that controls the savanna dynamics, making this biome the most appropriate ecosystem to examine for a response to the ENSO effect. The intensified warm ENSOs with prolonged drought and increased temperature can triggered more frequent fire thus further reducing the tree density in savanna and impacting the ecosystem services and the biodiversity. In addition, similar reductions of tree density due to drought and fire can be expected from the shifting of tropical forest into savanna-like ecosystems where it may difficult to restore. The fact that some evergreen broadleaf forests in Sumatera were identified as an ecosystem that is sensitive to ENSO can also be attributed to the possible historical ENSO-related forest fires that are widely suspected to enhance the temporal shift of forest characteristics into a savanna-like environment [61] . The ENSO-and rainfall-sensitivity in this study can be used to identify areas that require proper mitigation and for anticipating and possibly avoiding unrecoverable transformation of ecosystems. The temporal graphics of CCF among the different vegetation cover types exposed the progress of how MEI-ENSO affects vegetation, especially in the ENSO-and rainfall-sensitive areas. MEI (ENSO) first affected rainfall at lag 0 months, as indicated with strong negative correlation and that ENSO-induced changes in rainfall affected vegetation (indicated by positive correlation) at around 5-6 months later in the graphs. The persistent effect up to four months after MEI to rainfall in the CCF results is similar to that in Hendon [62] . It was also shown that stronger correlations were found in CCF between rainfall and RS proxies compared to CCF between MEI and RS proxies.
An in-depth look at the time lag spatial distribution of significant correlations revealed the influence of land cover and terrain characteristics. Figure 11 showed the lag distribution of negative correlations between rainfall to RS proxies and MEI ENSO to RS proxies with shaded relief by SRTM data in the background. The control of terrain configurations can be seen especially at the time lag between NDVI3g to rainfall. Topography differences controlled the distribution of the timing of lags and created a distinct spatial pattern of the lag time when strong negative correlation occurred. In NDVI3g lag to rainfall (Figure 11) , an area at high elevation experienced an earlier strong, negative correlation compared to a lowland area. The relationship between terrain characteristics and rainfall intensities during the ENSO period in Java Island have been discussed previously [63] . Therefore, further studies of the effects of topography are needed to fully understand the vegetation and terrain relationships that control the impact of ENSO. The temporal graphics of CCF among the different vegetation cover types exposed the progress of how MEI-ENSO affects vegetation, especially in the ENSO-and rainfall-sensitive areas. MEI (ENSO) first affected rainfall at lag 0 months, as indicated with strong negative correlation and that ENSO-induced changes in rainfall affected vegetation (indicated by positive correlation) at around 5-6 months later in the graphs. The persistent effect up to four months after MEI to rainfall in the CCF results is similar to that in Hendon [62] . It was also shown that stronger correlations were found in CCF between rainfall and RS proxies compared to CCF between MEI and RS proxies.
An in-depth look at the time lag spatial distribution of significant correlations revealed the influence of land cover and terrain characteristics. Figure 11 showed the lag distribution of negative correlations between rainfall to RS proxies and MEI ENSO to RS proxies with shaded relief by SRTM data in the background. The control of terrain configurations can be seen especially at the time lag between NDVI3g to rainfall. Topography differences controlled the distribution of the timing of lags and created a distinct spatial pattern of the lag time when strong negative correlation occurred. In NDVI3g lag to rainfall (Figure 11) , an area at high elevation experienced an earlier strong, negative correlation compared to a lowland area. The relationship between terrain characteristics and rainfall intensities during the ENSO period in Java Island have been discussed previously [63] . Therefore, further studies of the effects of topography are needed to fully understand the vegetation and terrain relationships that control the impact of ENSO. Figure 11 . Distribution of lag time of significant negative CCF correlations of MEI to RS proxies and CHIRPS to RS proxies indicating that topography can affect lag distribution.
Conclusions
The combination of analysis from multiple remote sensing proxies such as NDVI3g, EVI2, and VOD datasets (RS Proxies) in 1993-2012, complemented by SPOT VGT in 1999-2012 and MODIS EVI in 2001-2012 yielded the spatial patterns of ENSO-and rainfall-sensitive regions. There are several key points that can be drawn from the results, as follows: Figure 11 . Distribution of lag time of significant negative CCF correlations of MEI to RS proxies and CHIRPS to RS proxies indicating that topography can affect lag distribution.
The combination of analysis from multiple remote sensing proxies such as NDVI3g, EVI2, and VOD datasets (RS Proxies) in 1993-2012, complemented by SPOT VGT in 1999-2012 and MODIS EVI in 2001-2012 yielded the spatial patterns of ENSO-and rainfall-sensitive regions. There are several key points that can be drawn from the results, as follows:
1.
Combinations of MEI (ENSO) and CHIRP-rainfall sensitive areas detected from Granger causality analysis frequently identified savanna, cropland, evergreen broadleaved forest, grassland, and remnant forest (IFL) as sensitive regions. The drastic phenology change of savanna, especially during drought and wet phases, created the strong relationship between ENSO and savanna environments, which was captured by various remote sensing-based vegetation proxies. 2.
The temporal graphs from the CCF analysis revealed that MEI (ENSO) affected the CHIRPS-rainfall values in the first months for which its variation further affected the values of RS proxies. 3.
The spatial distribution of time lag coefficients from CCF suggested that not only land cover types, but also topography, played an essential role in generating the spatial patterns.
The results drives the need for further studies on other confounding variables that might affect the relationships between MEI and RS proxies. In addition, under the intensified ENSO due to the influence of global warming, these sensitive regions are becoming more susceptible to vegetation cover changes and, thus, endangering species biodiversity and ecosystem services and need to be properly mitigated.
